In the dynamic modeling of dairy cow performance over a full lactation, the difference between net energy intake and net energy used for maintenance, growth, and output in milk accumulates in body reserves. A simple dynamic model of net energy balance was constructed to select, out of some common dry matter intake (DMI) prediction equations, the one that resulted in a minimum cumulative bias in body energy deposition. Dry matter intake was predicted using the Cornell Net Carbohydrate and Protein System, Agricultural Research Council, or National Research Council (NRC) DMI equations from body weight (BW) and predicted fat-corrected milk yield. The instantaneous BW of cows at progressive weeks of lactation was simulated as the numerical integral of the BW change obtained from the predicted net energy balance. Predicted DMI and BW from each DMI equation, using either of 2 equations to describe maintenance energy expenditures, were compared statistically against observed data from 21 herd average published full lactation data sets. All DMI equations underpredicted BW and DMI, but the NRC DMI equation resulted in the minimum cumulative error in predicted BW and DMI. As a general solution to prevent predicted BW from deviating substantially over time from the observed BW, a lipostatic feedback mechanism was integrated into the NRC DMI equation as a 2-parameter linear function of the relative size of simulated body reserves and week of lactation. Residual sum of squares was reduced on average by 52% for BW predictions and by 41% for DMI predictions by inclusion of the negative feedback with parameters taken from the average of all 21 least squares fits. Similarly, root mean square prediction error (%) was reduced by 30% on average for BW predictions and by 23% for DMI predictions. Inclusion of a feedback of energy reserves onto predicted DMI, simulating lipostatic regulation of BW, solved the problem of final BW deviation within a 1558 dynamic model and improved its DMI prediction to a satisfactory level.
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INTRODUCTION
Dynamic computer modeling techniques allow one to simulate the daily performance of a dairy cow throughout an entire lactation. Such simulations can be used to evaluate and formulate diets and entire feeding programs at the farm level. Typically, instantaneous milk production rates are calculated from rates of nutrient flow from the diet. Because of the many variables that can affect DMI (NRC, 1987 (NRC, , 1988 and the sensitivity of model predictions to voluntary DMI, it is usually input as a measured value (Baldwin et al., 1987; Dijkstra et al., 1996) . However, voluntary DMI is under the control of the animal and is part of the dietary response of the animal, so it has been argued that to not predict DMI is to ignore a large part of feed evaluation (Van der Honing, 1998) .
For the lactating dairy cow, the plethora of DMI prediction equations that exists in the literature can be subdivided into regression equations, complex systems, and fill systems (Ingvartsen, 1994) . Because of their commonality and ease of handling, simple regression equations could potentially be used in dynamic modeling of lactating cow performance. Examples of regression equations are those of the Agricultural Research Council (ARC; 1980) , the Cornell Net Carbohydrate and Protein System (CNCPS; Fox et al., 2004) , and the NRC (2001) , which are all intended to be used in static evaluations of nutritional adequacy of a diet and in diet formulation. Independent variables required for solution of these equations include BW and milk production. Therefore, where BW and milk production are predicted values in a dynamic model, a circular problem arises in the simulated energy balance of the animal. When the difference between observed intake and estimated net energy utilized for maintenance and lactation was allowed to accumulate in BW, predicted BW rapidly deviated from its observed value as lactation progressed (Ellis et al., 2006) . Part of the error was attributed to underestimation of maintenance energy expenditures because of the effect of lactation on organ size and activity; therefore, a new time-independent equation, 0.096 Mcal of NE L /kg of BW 0.75 , as well as a time-dependent equation related to week of lactation (WOL) were developed by least squares fits to a set of 21 lactation curves to encompass this error. Using the same sets of data and with the revised descriptions of maintenance, the first objective of the current work was to evaluate the DMI predictions of the ARC, CNCPS, and NRC equations over the course of a full lactation according to BW predictions by a dynamic model of energy balance.
As a solution to prevent excessive accumulation of energy in the body, we sought to account for mechanisms that may operate in the animal. Voluntary DMI in ruminants has been shown to be negatively correlated with body fatness at any given physiological state (Coppock et al., 1972; Bines, 1979; Garnsworthy, 1988; Ingvartsen et al., 1995; Broster and Broster, 1998) . Kennedy (1953) proposed a lipostatic theory according to which a peripheral signal produced in proportion to the amount of adipose tissue in the body signals to the brain the amount of energy stored in the body. This signal is then compared with a set point value, and deviations from the set point result in changes to energy intake or expenditures to return adipose stores to the predetermined level. The NRC (1988) made mention of this as a valid operating principal in the dairy cow. The discovery of leptin as an adipose hormone that negatively influences DMI (Zhang et al., 1994) was predicted by the lipostatic theory.
Incorporation of the lipostatic theory into a dynamic model of energy balance would provide connectivity among BW, BW change, and DMI. Dry matter intake could be adjusted according to a deviation of BW from its set point, potentially resulting in better BW and DMI predictions. Therefore, the second objective of the current work was to account for the effect of adiposity by incorporating a negative feedback loop of predicted body energy reserves onto predicted DMI.
MATERIALS AND METHODS

Data Sets
The observations against which the DMI equations were evaluated were the same 777 data points from 21 sets of lactation performance data averaged from herds of 9 to 22 cows used for maintenance energy expenditure equation development (Ellis et al., 2006) . Information about the data sets is given in the companion article (Ellis et al., 2006) . Criteria for data set selection were that weekly BW, DMI, and FCM production for at least 35 WOL were reported and that information was given on parity and diet. 
Dynamic Energy Balance Model
The approach taken to evaluate the DMI prediction equations was to use a lactation curve equation to obtain daily FCM production values, which were used as driving variables for the DMI prediction equations. Considering maintenance expenditures as a function of predicted BW, the implied deficit or excess of net energy was allowed to accumulate in the body to generate a time course of BW predictions throughout lactation, which were compared statistically with observed BW. A simple dynamic model of energy balance ( Figure 1a ) was written in Advanced Continuous Simulation Language (ACSL, 1994 (ACSL, -1998 , where, at any moment in time,
where all net energy flows are , where PKMK = month postcalving when peak milk yield occurred (1, 2, or 3) and P = 2.36 for PKMK = 1 and 2 and P = 3.67 for PKMK = 3.
For use of the ARC (1980) equation in a continuous simulation, discrete RIF values were plotted against WOL and fit to a lactation curve equation (Rook et al., 1993) with weekly observations of FCM production as input, parameters of the lactation curve of Rook et al. (1993) 
were estimated with SAS PROC NLIN (SAS Inst., Inc., Cary, NC) for each data set from the weekly observations. Any lactation curve equation would have sufficed in this regard, and Equation 5 was simply chosen as one readily available and demonstrated to have been superior to others in fits to data (Rook et al., 1993) . The fitting procedure did not converge on parameter estimates for data sets 1, 4, 7, 8, 9, 12, 13, and 16; therefore, an exponential curve was fitted to FCM production data from WOL 20 onward. The exponential parameter from this curve was then used as the value for c and set as a constant in the estimation of A, b 0 , and b 1 from the entire lactation curve. The 21 curves were fit with an average root MSPE of 5.927% of the mean FCM yield (where 99.6% of MSPE was from random sources); the slope (1.007 ± 0.0106) and intercept (−0.306 ± 0.233) of the predicted vs. observed FCM plots did not significantly differ from 1 and 0, respectively. 
Modified Dynamic Energy Balance Model
A modified version of the original energy balance model with a lipostatic feedback on DMI ( Figure 1b , where WOL = week of lactation. *Predicted mean is significantly different from the observed mean (observed BW mean = 558.2 ± 3.4; observed DMI mean = 17.6 ± 0.1;
where ER (Mcal of NE L ) is the integral of Equation 1, giving current body energy reserves, and iER is the initial energy reserves, set to 1.11 × initial empty BW according to the relationship between BCS and fat content of the empty body developed by Fox et al. (1999) for a BCS of 3.5. Estimates of k1 and k2 feedback parameters were obtained for each of the 21 data sets with an iterative Levenberg-Marquardt algorithm to find lowest residual sums of squares (RSS) between predicted and observed weekly BW across 35 WOL.
Statistical Analysis
Mean square prediction error for each of the 21 data sets was calculated as
where n is the number of observations, O i is the observed value, and P i is the predicted value. Square root of the MSPE, expressed as a proportion of the observed mean, gave an estimate of the overall prediction error. The MSPE was decomposed into random error, error caused by deviation of the regression slope from unity, and error caused by overall bias (Bibby and Toutenburg, 1977 The BW and DMI predictions were also evaluated by examining the slope and intercept of the regression of predicted values on observed. Using PROC MEANS in SAS (SAS Inst., 2000) , the average slopes and intercepts were tested for significant difference from the line of unity (slope of 1, intercept of 0). Residual BW and DMI (predicted − observed) were tested against WOL, and the average linear and quadratic coefficients of the plots were tested against zero using PROC MEANS in SAS to identify patterns of bias in the predictions. Mean predicted BW and DMI values were compared against observed values by using the t-test.
The DMI prediction equation that resulted in the best BW and DMI predictions within the unmodified model ( Figure 1a ) according to this analysis was selected for inclusion in the modified energy balance model ( Figure  1b) ; however, similar parameterization could be done with any DMI prediction equation.
RESULTS
Evaluation of BW and DMI Predictions of the 3 DMI Prediction Equations in the Unmodified Dynamic Model of Energy Balance
Mean predicted BW was significantly lower than the observed values for the CNCPS and NRC equations and was accompanied by a significant underprediction of DMI by each of the 3 DMI equations for both estimations of maintenance (Table 1; Figure 2 ). Analysis of predicted vs. observed plots showed that BW predictions for every scenario, except for the NRC equation with the 0.096 time-independent maintenance equation, deviated significantly from the line of unity (Figures 2 and 3) . The predicted vs. observed DMI plots for each of the DMI equations with the 0.096 timeindependent maintenance equation, as well as the CNCPS equation with the time-dependent maintenance equation, were also significantly different from the line of unity (Figures 2 and 3) . Analysis of the residuals showed, for the most part, significant WOL effects (Figures 4 and 5) and a trend for error to accumulate in BW as WOL progressed.
The NRC (2001) DMI equation resulted in the lowest level of error. Root MSPE percentages for the NRC equation were 7.4 and 7.7 for BW predictions using the time-independent maintenance equation and the timedependent maintenance equation, respectively, and 11.4 and 11.5 for DMI predictions using the time-independent maintenance equation and the time-dependent maintenance equation, respectively ( and ARC (1980) equations, the largest proportion of MSPE was from random sources ( Table 1 ). The NRC (2001) equation yielded the lowest RSS for both BW and DMI predictions, with either description of maintenance (Table 1) .
For the CNCPS (2004) and ARC (1980) DMI equations, describing maintenance as a time-dependent function of WOL resulted in the lowest RSS and root MSPE for both BW and DMI predictions (Table 1) . However, for the NRC (2001) DMI equation, the 0.096 timeindependent maintenance equation resulted in the lowest RSS and root MSPE ( Table 1) .
The NRC (2001) 
Feedback Parameterization
Parameterization of the strength of feedback (k1 × WOL + k2) from energy stores onto DMI predicted by the NRC (2001) equation was undertaken using both descriptions of maintenance. The optimized parameters for each data set, as well as the average for both estimates of maintenance, are presented in Table 2 . For both estimates of maintenance, the average k1 value was negative, indicating that, on average, the strength of the feedback decreased as lactation progressed. 
Evaluation of the Modified Energy Balance Model
With both sets of average feedback parameters, the mean predicted BW and DMI were not significantly different from observed (Table 3 ; Figures 7 and 8) .
PROC MEANS analysis in SAS shows that 3 of the 4 parameter means are significantly different from 0 (Table 2) , and significant improvements in MSPE, overall BW means, DMI means, and analysis of residuals suggest significant improvements in the predictions of BW and DMI with inclusion of the feedback equation. Between the original model (Table 1 ) and the modified version (Table 3) , root MSPE was reduced by 30% on average for BW predictions and by 23% for DMI predictions. Inclusion of the feedback reduced the RSS by 52% for BW predictions and by 41% for DMI predictions. Feedback parameter set 1 resulted in the best BW and DMI predictions in terms of root MSPE percentage and RSS (Table 3 ). The predicted vs. observed regression was not significantly different from the line of unity (Figure 7) , and the majority of MSPE was from random sources (Table 3) . No significant relationships between residuals and WOL ( Figure 7) were detected.
DISCUSSION
The dynamic modeling of dairy cow performance (e.g., Baldwin et al., 1987) typically requires some sort of lactation curve (Rook et al., 1993; Dijkstra et al., 1997; Vetharaniam et al., 2003) to describe the changing number of active secretory cells in the mammary glands as lactation progresses. The simulated interaction between nutrition and secretory cell number determines lactation performance. If daily DMI throughout lactation is to be input as a series of predicted, and not measured, values, then there are 2 independently derived equations driving model outputs: the lactation curve equation and the DMI prediction equation. If the relationship between these 2 equations is inappropriate, the model is compromised. Specifically, the problem is that when net energy intake, via DMI prediction, and net energy expenditures are both functions of milk yield and BW, then a certain energy balance is implicit in the simple DMI calculation. Our simulations have made the energy balance explicit from 3 common DMI prediction equations and revealed a net energy deficit that accumulates as lactation progresses and biases ongoing predictions of DMI.
Older editions of the NRC (1988) did not use a regression equation to predict DMI, but actually forced a net (Mcal) is the integral of dER/dt = NEI − NE L − NE M [dER/dt = instantaneous change in body energy reserves per day (net energy balance) and NEI = net energy intake], giving current body energy reserves, and iER is the initial energy reserves, set to 1.11 × initial empty BW according to the relationship between BCS and fat content of the empty body developed by Fox et al. (1999) for a BCS of 3.5. Estimates of k1 and k2 feedback parameters were obtained for each of the 21 data sets with an iterative Levenberg-Marquardt algorithm to find lowest residual sums of squares between predicted and observed weekly BW across 35 wk of lactation (WOL). Average SE are calculated from the k parameters, not an average of the approximate SE. PROC MEANS shows k1 and k2 from parameter set 1 are significant (P = 0.0221 and 0.0013, respectively) and k2 from parameter set 2 is significant (P = 0.0282).
*Values were not included in average. energy balance of 0 by calculating DMI from net energy requirements and net energy content of the feed. This approach, however, does not allow for prediction of the surplus or deficit of net energy that is deposited or withdrawn from body stores, which constitutes an important component of lactation performance to be predicted. Because of the accumulation of small errors over time with dynamic simulations and where DMI influences BW change and BW change in turn influences DMI, any DMI regression equation, no matter how tightly fit to a set of static observations, is prone to generate inappropriate energy balances in the long term. As a general solution to prevent predicted BW from deviating substantially over time from the observed BW, a lipostatic mechanism was selected to be included in the dynamic model of energy balance. To illustrate the approach, the NRC ( type equation, according to the definitions of Ingvartsen (1994) , but the feedback approach would be amenable to application with any such equation. Similarly, the results of our parametization are unique to the sets of data used, particularly given that a mean bias in estimated energy balance was corrected by revising NE M expenditures (Ellis et al., 2006) . The lipostatic theory states that the cow has a BW set point, or desired level of body fatness, which it will defend by modifying DMI. The BW set point has been demonstrated in the recovery response following experimentally induced changes in BW in which animals return to a BW that is appropriate for their age, stage of development, environment, or any combination of these factors (Keesey and Hirvonen, 1997) . It is important to note that the BW set point theory applies over long periods of time and regulates energy balance on a longterm basis. Thus, the recovery of BW in late lactation and NEI = net energy intake], giving current body energy reserves; iER = initial energy reserves, set to 1.11 × initial empty BW according to the relationship between BCS and fat content of the empty body developed by Fox et al. (1999) for a BCS of 3.5. Estimates of k1 and k2 feedback parameters were obtained for each of the 21 data sets with an iterative Levenberg-Marquardt algorithm to find lowest residual sums of squares between predicted and observed weekly BW across 35 WOL.
cows after an initial loss to support peak levels of milk production can be considered a lipostatic response.
In our use of the lipostatic theory, we have assumed that the BW set point is constant over the course of lactation and is expressed as the size of body energy reserves at the onset of lactation. In preliminary simulations, setting the BW set point to the observed BW at the end of lactation resulted in similar behavior of the feedback. According to the formation of the feedback in Equation 8, the rate at which energy stores return to the set point is governed by the size of the term k1 × WOL + k2, which we refer to as the strength of the feedback. Initially, a constant strength across WOL was attempted with a parameter k in place of k1 × WOL + k2. However, the least squares estimates of k were so high that predicted BW did not deviate from the initial Journal of Dairy Science Vol. 89 No. 5, 2006 or set point BW for the entire lactation (data not shown). It was hypothesized that the strength of the feedback needed to change during the course of lactation to allow BW to deviate from the set point enough to mimic actual BW changes. A continuous, linear equation related to WOL allowed BW to deviate to the degree demonstrated in the 21 sets of evaluation data. For all scenarios examined, the slope of the energy stores feedback in relation to WOL, or the desire to maintain BW at the set point, was negative. In terms of physiology, this means that as lactation progressed, the strength of the feedback became weaker.
One of the most important metabolic changes that occurs in a cow to support milk production is the decreased uptake of nutrients for lipid synthesis by the adipose tissue and the increased mobilization of lipid reserves (Bauman and Currie, 1980) . The net result is a favored partitioning of nutrients toward the mammary glands rather than maintaining body energy stores. These changes in the partitioning of nutrients are of the greatest magnitude and greatest importance at the onset of lactation. Thus, it was expected that the strength of the feedback of energy stores on DMI would relax during early lactation and would increase as lactation progressed.
Explanation for why the slope of the feedback was negative in this study, contrary to expectation, has 2 parts. First, for the majority of data sets used for estimating k1 and k2, BW did not decrease substantially during early lactation. This means that the feedback did not need to relax during early lactation. There is error in using BW change to represent mobilization of energy stores in early lactation. When DMI is increasing at the same time that energy stores are being depleted, body energy stores can change by 40% with no change in BW (Chilliard et al., 1991; Gibb et al., 1992; Komaragiri and Erdman, 1997; NRC, 1988; Komaragiri et al., 1998) . The availability of BCS data might have allowed a more accurate estimate of changes in the strength of an adipose feedback on DMI.
The second reason for a negative slope was that BW increased as lactation progressed. Body weight at the end of the evaluation period was on average 6.4% higher than the initial BW (ranging from −2 to +18%). Ten of the 21 herds in the evaluation data set were composed of entirely primiparous animals, and 5 were a mix of primiparous and multiparous cows. Continued growth in these animals caused BW at the end of lactation to be higher than at the onset. To allow BW to increase during late lactation, the feedback needed to relax at progressive WOL.
Regardless of the confounded physiological interpretation of the parameters, the actual feedback in kilograms of DMI per days followed the expected pattern Table 2 ). Table 2 ).
of an inhibitory or negative effect in early lactation and a positive effect later on (Figure 6b ). The net feedback is due to both the strength of the signal emanating from body energy stores and the total size of body stores themselves, which is lower in early than in late lactation.
Significant variation existed between feedback parameters, fitted from individual data sets, within each ] × 10 −3 and using feedback parameter set 2. description of maintenance (Table 2) . A large part of the variation in feedback parameters was due to using a single set of parameters to describe NE M for all data sets. The magnitude of NE M was increased over the NRC (2001) recommendation as a means to correct a mean bias in cumulative energy balance detected by our method of BW evaluation. A slope bias and random error remained such that estimated NE M varied 25% around the proposed mean equations (Ellis et al., 2006) . This remaining error was transferred into the feedback parameters. When individual maintenance parameters fit from each of the 21 data sets were utilized in feedback equation parameterization, variation in feedback parameters was significantly reduced (data not shown), although the strength of feedback slope remained negative. However, the practicality of a lipostatic feedback approach based on individual maintenance descriptions that are difficult to obtain is low.
Introduction of an average-sized feedback of energy stores onto DMI solved the problem of unrealistic BW within a dynamic model of energy balance that was driven by independently derived lactation curve and DMI prediction equations. Residual sum of squares was reduced on average by 52% for BW predictions and by 41% for DMI predictions. Similarly, root MSPE was reduced by 30% on average for BW predictions and by 23% for DMI predictions. The 0.096 maintenance equation combined with feedback parameter set 1 resulted in the best overall BW and DMI predictions within the dynamic energy balance model.
CONCLUSIONS
Evaluation of the 3 DMI prediction equations (ARC, 1980; Fox et al., 2004; NRC, 2001 ) within the energy balance model showed that the NRC (2001) DMI equation yielded the best BW and DMI predictions based on MSPE and RSS analysis. Modification of the energy balance model with creation of a negative feedback of energy stores onto DMI introduced the effects of adiposity onto DMI predictions. This significantly improved prediction of DMI and BW within the dynamic energy balance model, resulting in BW and DMI predictions not significantly different from observed values. Overall, inclusion of the feedback prevented errors from accumulating in BW over time by making small adjustments to DMI, improving both BW and DMI predictions. The approach could be useful in dynamic modeling of dairy cow performance where predictions of both milk production and DMI may be required.
